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3- Artificial neural networks
4- Support vector machine
5- Boosting Regression Tree
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1- Classification and Regression Tree
2- Random Forest
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Figure 1. Location of the study area in Iran and Kurdistan along with sampling points.
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1- Regression coefficients of determination
2- Root mean of squared error
3- Feature selection

AY

il 5 el 5l e S A5 1Y GIS
ENVI 5.3 Sl Ble 5 bow 55 lojlsale ola
sods ool guuail leslinad b e S (’t’-‘."
ohd Gluaib wii Jlal Sl o, S
Ao g el sl
55 idde ©3s byl 5 S N S soledde
S gl S JU S syl gl adlas oyl
il ottty o O3 S 5 o g e
bVl Dot (Fsmae (s 4S0d o S
2 A S iledle 2U S e Y
oA wY g b ladld BU s e Y
sl e S st N BY Oy, ol 5 s s
3 asdlae cpl s .,\{.sjfm&?Ua;'-joyﬂpgwjj
SIS ot $ledds Sl qelr Uik S
.,\{.sjf oslaial Sl

S S s pbsl eon Gl
33 4 oy Sl el s 4 sl
R N LIS L NG R ¥ uj’)'f"T B Qj‘ﬂ Alwd
3 Q)ﬁj Slpeals YA u:’)')"’T Sl e3ls AY slaas
dny o (£ ae S A S
ol IS Slaie W8 sl sl
5ok 35l sllie @Sd oo ol sk
3 ey Jlases S0 diged A bl e
03 s 5 23l (slaesls LS:MW_A 2
(FFoan a8 ASh L3S 3 s 2 g el
Sl i) 3555 Slaiie a Siisel A e
robal 5 fEl ey e ) el Sl S
(S I p S dos) s e 5 (Glojlpale
Olseas 5 o3,y |y s se e Bl Ll
d> o 3 6 plaesls e ¢l Sl Je S
5 28 e elial l odds eslizal il
335 o Gaigtn dhe (et e S poin
A slao bl 5l Jue 5 Shas =B bl ¢l
Al eslanal



Oy o2 g 831535050 Juos

GV s sl Sl Ol pl &S ol L
Jlasl 5l andlansyge aibea 3 LS mbaw 3
S s e Sla S5 OSUS slacy s
53 S I S M it Ak 2L
53 01 Jldds o30S 5 (doys YY) JSsr Gblee
Sy ds S edalie (Uoys +/E7) ol Sl
2 e S, e 5 it B1S 5s8
5 02 s Sl (V JSO) andllans 5o addais o
g4 w0l & ol AlS iy s St cyb,
s & Iy aike S JT p S Oluss 355
St IS Sl ol S s ls dalys
YN O Sl om0 5 030 dlo g i sl
ol 43S 3V (g pd ek wls 3 (Ao
IS Dk s Jllie (1400) Sl s
(CV>7Y0) VL ol s b IS j5 S
(CV <7V0) oyl 5 (10 < CV </Y¥0) Lo e
S e S 503 0L s (0)) el 638
Saal S ms 5 canlllans g adlate > S Bl
S8 5 o 3l LA el See a8 syl
5 Sslie made Slles 5 eSS oS ol
o @l ol alie A3l e SIS 5 5 Cand s
sl S8 (YY) 0Les 5 J8e Ly g
S Lsls OLas (Yo o) 0len 5 ols .(V+) ol
Jite (Al 5 T 5 03l) S sla S5
o35 Bl a8 boglaane Al
Aied il ol 5 (Gl Gladul 3 L &S

08)

AY

Ao dal sl bl bl me S
5ot Sl eslinal b Gus gla ke 5 (53555 i
Sl oy lae 3loames O ool
ol s e slaze Ul B o S ke
SN Olpe LSl She s mw WS W)
S e el (gluad s Gl Al Ga ST
3 Sten e Sy bl dax
LT 5 st LT ) ol slaadlse Lo
Seslial U iass ol 535S eslinal fogules
Sl 5 s 53 2 50 CfsSubsetEval {,.:Ujfj\
ot gy i Ss l pss 5l WEKA
R &f},) ol (YY) J{-’J§ oaleul
S 5 el S5 Sl o2, S S St
a S503 35 b ks g 51 sawle
S ar g by la s glaesls (":'l)jﬁ\ ol sl
i Sed e SLEST L5l 16
LY la Soen & byje glaine 5 AS
VS LS:.MA bbb lassls L(EY) _s)\%;a &
R &f},) obil Ll edd sl OLLS
Do 3 S 3l e 3 ey Ysmme (Soan
Iy La ae sldas {,.:Ujfj\ e nl g3 s e

el oals als AV LY 4 VY

oy 5 b
S oS @bl Sl ot 4oV ol
wpe gldse el T Ur Ges 3 S
ok osly Ol WS e e 3l S 5 el
YVY G /8 als s S JT o S i o
oe sl .l A3 VYA O Ske 5 Aoy

(Ao Y/Y0) St JI oy S ke Sl 5 Blas

1- Correlation based feature selection (CFS)
2- Principal component analysis (PCA)

3- Factor analysis

4- Sensitivity analysis
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Table 1. Summary of statistical parameters related to analyzed soil organic carbon samples and some auxiliary parameters.

ST K sas S s g ot

>k =l Kurtosis ~ Skewness Mean Max Min Properties
StdDev  CV (%)

0.55 42.61 1.14 0.76 1.28 2.71 0.46 Soil organic carbon
220.60  20.52 -0.23 -0.77 220.60 1474 606 Band 1 (0.45-0.52 )
436.76  20.95 -0.42 -0.47 2084.22 2879.46  1091.85 Band 2 (0.63-0.69 )
639.82 2034 0.11 -0.27 314527 449951  1490.61 Band 4 (0.77-0.90 p)
593.54  19.86 -0.89 2.12 2087.70 400492  671.31 Band 5 (1.55-1.75 )
139.05 8.74 0.06 0.003 159045 1879.56 1214.83 Chanel network base level'
0.001 148.45 2.48 7.56 0.0008  0.006 0 Vector Terrain Ruggedness'

0.15 11.70 1.10 3.06 1.29 1.88 0.87 Leaf Water Content”
117.38  163.35 2.20 5.02 71.86  534.005 0 Vertical Distance to Channel Network*

0.10 53.36 0.61 -0.08 0.20 0.48 0.02 Catchment Slope’

0.09 46.21 5.02 4.90 0.20 0.60 0.10 Normalized Difference Vegetation Index’'
180.51 10.86 0.77 0.45 1662.28 2218.60  1379.34 Digital elevation model”

1.55 46.08 -0.40 -0.54 3.37 6.21 0.09 Aspect”

0.13 20.36 2.62 9.47 0.63 1.28 0.49 Reflectance Absorption Index’

0.05 0.36 0.45 -1.12 12.73 12.82 12.67 Annual air temperature average
36.23 9.53 -0.42 -1.09 520 850.5 307.15 Annual rainfall average

0.05 -44.18 -0.36 2.62 0.12 0.07 0.3 Vegetation Index '’
55144  51.97 1.75 3.30 1061.05 323561  379.69 Difference Vegetation Index ™
361.18  20.01 -1.15 6.17 1289.19 215246  -393.46 Canopy Index

(Chanel network base level) JUS aSls asls e o)

(Vector Terrain Ruggedness) :y.e3 (s 5 —Y

(Leaf Water Content) S, o jlaie -¥

(Vertical Distance to Channel Network) JUlS aSs U (65 sae alols -

(Catchment Slope) o 3> s —0

(Normalized Difference Vegetation Index) s Jbs 5 alS by Jols jaxls 1

(Digital elevation model) Cusjl Py Jke =V

(Aspect) o Cgr —A

(Reflectance Absorption Index) . \Sail Cder esls -4

(Annual air temperature) <¥l. gl glos —V+

(Annual rainfall average) _$.,L aVl. . 5ls )

(Vegetation Index) _alS iy jaxls-\Y

(Difference Vegetation Index) LS iy Aol jaxls -)Y

A

(Canopy Index) i s zb perla -0
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Figure 2. Land uses in the study area.
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1- Channel network base level
2- Leaf water content
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Figure 4. Feature selection of soil organic carbon modeling with multivariate linear regression.
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Abstract

Background and Objectives: Organic carbon plays a vital role in climate control and
environmental sustainability by retaining a significant portion of its mineralizable organic forms
in the soil. Organic carbon also has a key effect on physicochemical and biological properties of
soil; in a way, it is called as an indicator of soil health. Therefore, the study of spatial
distribution of soil organic carbon to identify areas with carbon sequestration potential is one of
the requirements of soil management planning and climate control policy through agricultural
activities. Conventional methods for estimating soil organic carbon are costly and time
consuming and cannot be replicated and generalized to similar points. In recent years, with the
advancement of technology and the growing human need for access to accessible information
and cost savings, through data mining and with the help of satellite images and auxiliary
topographic variables, digitization of soil properties, including Organic carbon is made possible.
Digital soil mapping is the development of a numerical or statistical model of the relationship
between environmental variables and soil properties that is used for large geographic data to
produce a digital map. The three main goals of digital soil mapping are: 1) inferring the
relationship between environmental variables and soil properties, 2) producing and presenting
data that better illustrate soil-geolocation, and 3) explicitly applying expert knowledge in
design. They are models. Digital mapping also provides potential advances in soil pedology and
geography by providing insights into landfilling processes.

Materials and Methods: This study was conducted in Kamyaran city of Kurdistan province in
order to predict soil organic carbon. In this study, 110 soil samples were randomly analyzed
from different land uses. To better predict the spatial distribution of soil organic carbon in the
study area, 101 auxiliary variables extracted from digital elevation model, satellite images and
climatic variables have been used. Prediction of soil organic carbon was modeled with two
models of multivariate linear regression and artificial neural network in Jump software
environment.

Results: The results showed that the amount of soil organic carbon in the western and
northwestern parts of the study area is the highest, which includes areas with forest and
rangeland cover. Auxiliary variables: base level of canal network (40%), band 4 (23%), leaf
water content (20%), ground roughness (19%), vertical distance to canal network (18%), slope
(18%), Normalized vegetation differentiation index (17%), area level (16%), slope direction
(16%), height (16%), band 3 (15%), reflective absorption index (14%), band 1 (14 %), Rain
(13%), band 5 (13%), air temperature (12%), vegetation index (11%), topographic wetness
index (10%) and vegetation difference index (10%) had the greatest effect On the modeling of
soil organic carbon in the artificial neural network model. The results of modeling validation
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showed that the artificial neural network performed better (R* = 0.97) than the multivariate
linear regression (R* = 0.59) prediction of soil organic carbon in the study area.

Conclusion: The results of this study showed that the distribution of organic carbon is more
influenced by topographic and climatic factors. In areas where sampling is not possible in the
whole area for any reason, it can be used through auxiliary variables such as topographic,
climatic and vegetation parameters and with modern data mining methods to estimate soil
organic carbon.
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